Background. While on average, health declines with age, it also becomes more variable with age. In consequence of this marked variability, it becomes more important, as people age, to have a means of summarizing health status, but how precisely to do so remains controversial. We developed one measure of health status, personal biological age, from a frailty index. The index itself is a count of deficits, derived, in the first instance, from a clinical database. In our earlier investigations, personal biological age demonstrated a strong relationship with five-year survival. Here we extend this approach to self-reported data. Methods. This is a secondary analysis of community-dwelling people aged 65 and over (n=9,008) in the Canadian Study of Health and Aging. The frailty index was calculated from 40 self-reported variables, representing symptoms, attitudes, illnesses and function. Personal biological age was estimated for each individual as the age corresponding to the mean chronological age of for the index value. Individual frailty (and the related construct of fitness) was calculated as the difference between chronological and personal biological age Results. The frailty index showed, on average, an exponential increase with age, at an average rate of 3% per year. Although women, on average, demonstrate more frailty than men of the same chronological age, their survival chances are greater. The frailty index strongly correlated (Pearson r =0.992 for women and 0.955 for men) with survival. Conclusions. A frailty index, based on self-report data, can be used as a tool for capturing heterogeneity in the health status of older adults.
Introduction

Methods.
Population database
The CSHA is a cohort study, assembled in a first phase [12] during which subjects were recruited from both the community and institutions on the basis of age-stratified (65 to 74, 75 to 84 and ≥85 years) random samples in 36 urban and surrounding rural areas in all 10 Canadian provinces. Here we report data from the 9,008 participants in the community sample. The items that make up the frailty index (the exposures) all came from the CSHA-1 data; outcomes (survival, death, insitutionalization) come from CSHA-2 and the interval leading to it. All subjects were ≥65 years of age as of October 1, 1990 . In 1996, follow-up data collection (CSHA-2) was undertaken. [21] Community subjects presumed to be free from dementia at CSHA-1 were invited to be re-screened and evaluated as above. Those who had a clinical examination in CSHA-1 were also invited to the CSHA-2 clinical assessment. Informants of participants who had died were contacted to assess the cognition, function and health care use in the decendents' last year of life.
Variables
Forty self-report variables were available from the screening survey of communitydwelling participants to characterize health conditions (Table 1 ). These self-reported items included symptoms, health attitudes, illnesses and impaired function. These included both standard questions on health and health attitudes, as described in detail elsewhere [22] and items from a checklist, which was proceeded by either the prompt "In the past 30 days, have you had any of the following complaints? (for the items tiredness and upper respiratory symptoms) or the prompt "in the past year" for the chronic disease items. (I)ADL items were scored to reflect "your situation today". All variables were categorical; 22 were binary (e.g., illnesses) while the others represented ordinal scales. Variables were mapped into the interval [0, 1] such that a greater value corresponded to a higher risk. For example, the three scale variable "help to prepare meals" was coded as 0 (No), 1(Yes) and 0.5 (Yes, with some help). Analogically, fivescale variable were coded adding the intermediate values 0.25 and 0.75. After such transformation all deficits had values from 0 to Of the 9,008 cases, 8,547 (5,089 women; 3,458 men) contained complete information for all 40 variables. For those who died (1,865) time to death from the assessment was recorded.
Analysis
Each individual in a data file can be represented by an m-dimensional (m-D) vector (where m is number of variables). A frailty index was introduced as an average of the deficits within the individual. Age trajectories of the average frailty index were analyzed for all the population and separately in men and women, using regression techniques. Statistical distributions of the frailty index across the individuals were compared with the theoretical models (Goodness of fit) using the chi-squared test. Proportions of survivors were calculated for each age and for each value of the frailty index. In addition, Cox regression model with chronological and biological age was used in order to compare the relative significance of the covariates. Significance level was set to p=0.05. Figure 2 shows the age trajectory for the fitness frailty index. The value of the index increases exponentially with age (r=0.99). The regression line corresponded to the following equation:
Results
ln(f) = -4.05 +0.029 t (1) where ln(f) is the natural logarithm of frailty index averaged across individuals at the same age, t. The regression line representing the population can be used as a frame of reference in assessing individual frailty [13] . Using inverse regression, personal biological age (PBA) was estimated according to the equation: PBA = 138 +33.2 ln(f) (2) Relative fitness and frailty can be found as a difference between PBA and CA. In Figure 3 , the value of frailty index shown separately for men and women. At all ages, women, on average, accumulate more deficits than men. The parameters of the slope are (0.029/year). Figure 4 shows a representative distribution of (here 77 years old individuals) by the frailty index. As can be seen, the distribution of the data is best fit by a gamma density function: , and G( k) is the gamma function. The parameters of shape and scale we found 17.01 and 2.80, respectively. The chi-squared goodness of fit was 7.22, p<0.05). The correlation coefficient between the observed and theoretical (gamma) distributions was r=0.989. The distribution of the frailty index was also analyzed by gender and for each of the other ages, and was again well represented by a gamma density function, although the parameters were different. Means changed with age ( Figures 2 and 3 ). Figure 5 shows the relationship between the frailty index and the fraction of those who died within 6 years. There is a significant increase in the death rate when the frailty index increases both in men (triangles) and women (circles). These relationships are well represented by exponential curves Aexp(Cf) , with the parameters A =0.148, C= 3.612 for men (r=0.955), and A=0.087, C= 4.116 for women (r=0.992).
The relationships between frailty index and the 6-years death rate indicates the ability of the index to predict overall mortality, but can also be used to predict survival time. We found that BA showed statistically significant relations with time to death (p=0.017) while CA did not (p=0.259). The value of the beta coefficient from a Cox regression model with covariates of chronological (CA) and biological (BA) age was 0.0037 (standard deviation 0.0033) for CA, and 0.0033 (standard deviation 0.0013) for BA. This would correspond to a hazard ratio of 1.003 for each increment in BA (95% confidence interval 1.002 to 1.005).
Discussion
This paper generally replicates our previous findings that fitness and frailty can be estimated as differences in personal biological age and chronological age, using a simple impairment index, which we have called the frailty index. Importantly, we offer predictive (criterion) validation of this approach, in demonstrating the association between the PBA value and mortality. (Necessarily, given their calculation, the same holds for relative fitness and frailty). In contrast to our earlier work with the CSHA clinical database, these results are based exclusively on selfreport data. In addition, we have demonstrated that non-binary variables can be readily incorporated into the definition of frailty index. The trajectories of the frailty index showed an exponential increase with age, as was also found in clinical [13, 14] and survey data [23] . We also demonstrated that, on average, women accumulate more deficits than men of the same age, although their risk of mortality is lower [23] . The statistical distribution of the frailty index was well represented by a gamma density function, as was found with the clinical dataset [14] . This distribution held for all ages, and in men and women, although the parameter changed with age.
Our data need to be interpreted with caution, however. For example, we have only a single base-line measure of relative fitness/frailty, which we know to be a dynamic, and not a static construct. [24] Thus, for example, while we again demonstrated that biological age better correlated with survival time using Cox regression than did CA, the greatest difference between BA and CA was observed for those who died within one yea (BA-CA=4.9 years, p<0.000001). This difference between BA and CA significantly diminished after one year (BA-CA=2.6 years, p<0.00001).
In addition, the precision of the estimation of PBA seems to vary based on the source of the information used. For example, the parameters of the age trajectories of frailty differ somewhat when estimated using different data sources. In Table 2 , these parameters are presented from three analyses: CSHA (clinical assessment, 20 variable, 90 variable with random simulations), CSHA (self report data), and NPHS survey. Note that the last data set represents a broad range of ages and that the model had an additional parameter (an age independent term) [23] . The parameters of the equation for PBA (2) are however, different from those obtained earlier for clinical assessment data of 127 and 26 [13] for the intercept and slope, respectively. Though it does not undermine the advantages of PBA as a relative measure of fitness/frailty in a population, the comparison of the PBA across different populations should be done with caution. The parameters of the inverse regression (2) for PBA are close to the inverse values of the parameters of the equation for fitness/frailty trajectory (1). This makes them sensitive to the errors in the estimates of the parameters (1). Despite the proximity of the parameters of the direct regressions ( Table 2 ) the equations for PBA (e.g., 2) are in general more sensitive to statistical errors. This question requires additional data analyses, using parametric and non-parametric techniques. Nevertheless, other estimates are not too far apart. Of particular note, the proximity of the estimates of the rate of accumulation of deficits to 3% per year might be of significant theoretical and practical interest if supported by the studies in other populations. Still, while not all numbers are exactly replicable, our approach does at least offer the possibility of estimating such parameters, in contrast to many of the other definitions of frailty now being proposed [25] [26] [27] [28] .
In contrast to other approaches, however, [25] [26] [27] [28] ours is less likely to yield a specific biological marker of frailty. Whereas other investigations have emphasized relationships between frailty and, for example, pro-and anti-inflammatory markers, coagulation status, and anemia [29, 30] here our approach emphasizes the integration (or failure of integration) of many components in a complex system. While the two approaches are not necessarily incompatible (indeed, one can imagine introducing a specific biological marker as a covariate in a reduced multivariate model) they are operationally distinct. Still, from a clinical standpoint their complementarity is evident. For example, a singe marker approach to frailty might be seen as analogous to a single acute illness, viewed against a background of impaired physiological reserve. Just as some of the other approaches offer more precise estimates of the impact of single factors, [25] [26] [27] 29, 30] our frailty index offers the possibility of more precisely estimated physiological reserve.
We were interested to again observe that the statistical distribution of the frailty index is well represented by a gamma density function [14] . A gamma distribution index is typical for systems with redundant components that can be used in case of the failure of a given subsystem. As such, it is compatible with the general failure model of aging [31, 32] . The age trajectories of the mean frailty index are well represented by exponential curves, which is compatible with the so-called avalanche-like accumulation of defects [32] . The general failure model posits a "state of nonspecific vulnerability" [32] , which can also be thought of as a critical state, analogous to instability in complex systems. In such a state, anything can cause failure, which is sometimes also represented as a loss of complexity [11, 33] .
Another way to address biological redundancy is to consider relationships between variables. As we also found earlier, the variables studied here are not statistically independent, something that often undermines the application of statistical methods, which are based on the presumption of independence [34] . Indeed, the independence of variables in the samples that we have studied is rather an exception than a rule, unless impaired populations are considered e.g., Parkinson's and vascular dementia [13, 35] .
The proximity of the present results to earlier estimates using binary variables [13, 14, 23] implies that dichotomization of the variables does not affect the major properties of the frailty index such as kinetics of frailty index and its association with mortality at the population level. This might suggests that there is no need to artificially dichotomize multilevel variables. The frailty index, even with multilevel variables is still based on the assumption of equality of deficits. It would be of interest to parse these variables that might have greater influence at the adverse outcomes. For example, one might use discriminant functions as linear combinations of deficits with different weights [36] . Another approach is to apply an artificial neural network to link the adverse outcome (e.g., one year mortality) with the input variables (deficits). The demonstration of sufficient biological redundancy, however, suggests that modeling frailty might be practical in any dataset that collected a sufficient number of age related variables.
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